Mineral texture is a critical factor which controls ore variability and is an important attribute in geometallurgy. In relation to downstream processes, it affects the fracture pattern during breakage, where rock strength is inherently a function of mineral texture. Because of the subjective nature of mineral texture, it has not been easy to quantify, especially in the context of a measurement suitable for use in geometallurgical programmes. The aim of this paper is to present the first steps in developing a 3D mineral texture quantification method for drill core and to assess its sensitivity to differences in rock strength using a case study. The methodology includes classifying the textural information using the 3D grey level co-occurrence matrices (GLCM) and X-ray computed tomography (XCT) coupled method. Rock strength tests were performed using the split Hopkinson pressure bar (SHPB). The case study investigates a heterogeneous polymetallic sulphide deposit and a homogeneous shale subdivided into three 'mineral textural types'. The variability is largely captured by the GLCM matrices, and preliminary trends can be observed where the shale is finer grained and has a higher yield strength in comparison with the coarser grained polymetallic sulphide ore.
Introduction
Modern mining requires the exploitation of lower grade and more complex, heterogeneous orebodies to address the growing industry demands. Historically, processing plants were designed and built based on average ore characteristics and therefore are relatively inflexible when facing the full spectrum of ore variability in heterogeneous orebodies (Lamberg, 2011; Lotter, 2011; Schouwstra et al., 2013) . The practice of geometallurgy represents an opportunity to manage ore variability in the mining industry (Powell 2013; Baum, 2014; Yildirim et al., 2014; Nguyen, 2013) . It focuses on quantifying the relationships between ore characteristics and their downstream mining and processing responses, often starting with small-scale laboratory testing. The purpose of geometallurgy is linked to maximizing the net present value (NPV) of an orebody by minimizing technical and operational risk -where 'ore variability' is considered one of the most significant technical risks.
A key parameter that constitutes ore variability is the heterogeneity in mineral texture, which further controls the response of the ore to processing (Schouwstra and Smit, 2011; Schouwstra et al., 2013; Yildirim et al., 2014; Lund; Lamberg, and Lindberg, 2013) . Mineral texture summarizes not only the geometrical characteristics of a grain or particle (shape and size), but also includes interrelationships and compositions, i.e. mineralogy (Craig and Vaughan, 1994) . Numerous examples occur in the literature describing how mineral texture affects downstream processing. For example, in comminution, texture influences rock strength, liberation, product particle size distribution, target grain size, and grindability of the ore (Vizcarra et al., 2010; Lotter et al., 2011; Ghorbani et al., 2011 Ghorbani et al., , 2013 Nwaila, 2014; Evans, Wightman, and Yuan, 2015; Little et al., 2016; McGrath, O'Connor, and Eksteen, 2015; Tungpalan et al., 2015; Miller and Lin, 2016) . In flotation, texture affects the potential mineral grade-recovery relationship (Gaspar and Pinto, 1991; Gottlieb et al., 2000) . In leaching, texture affects the accessibility of the valuable mineral to the lixiviant (Lui, Pawlik, and Laskowski, 2015; Maydagan et al., 2016) . Texture has also been used for the characterization and prediction of acid rock drainage (Parbhakar-Fox et al., 2011) .
The use of qualitative mineral texture descriptors involves some limitations, because the subjectivity of these descriptors then increases (Vos, 2016) . In terms of mineral textural quantification, only aspects of quantified mineral texture (e.g. shape or size) are used, and therefore the observed relationships do not always hold because studies have not holistically defined the inherent geometrical and compositional variability of different geomaterials. Furthermore, most of these abovementioned studies focused on particulate samples, and therefore the method is not directly applicable to drill cores. More recent studies have therefore focused on developing methods to quantify mineral texture through automated textural pattern recognition on drill cores, as well as testing the potential to predict downstream mineral performance . Perez-Barnuevo, Lévesquea, and Bazin, (2018) tested the link between texture and mineral behaviour during comminution and heavy liquid separation. They used a method that acquired the textural information through the Mineral Liberation Analyser (MLA), and coupled it with the grey level cooccurrence matrices (GLCM) and grey level run length matrices (GLRLM) for extraction and automated recognition of textural information in 2D. However, mineral texture measurements that are limited to 2D do not necessarily provide complete dimensions for grain characteristics (3D), which also further increases subjectivity. A potential method using X-ray computed tomography (XCT) coupled with 3D GLCM to achieve 3D mineral textural quantification was proposed by Jardine, Becker, and Miller (2018) and its potential as a small-scale geometallurgical test was demonstrated ) using a Ni-Cu sulphide ore. However, because the study used only one ore type, further studies are needed to fully understand the robustness of this method towards a variety of ore types and its suitability regarding downstream processes. This paper further develops the method using XCT and 3D GLCM to quantify mineral texture in geometallurgy, where rock strength is a function of the inherent mineralogical and textural features of a rock (Olsson, 1974; Howarth and Rowland, 1987) . Therefore, in order to demonstrate that the observed differences in mineral textures captured by the abovementioned method are meaningful, rock strength was also measured. The case studies include a heterogeneous polymetallic ore and a homogeneous shale to represent a different suite of mineral textural types as part of the ongoing research Jardine, Becker, and Miller, 2018) .
Experimental procedure
As a proof of concept, three large pieces of samples (approx. 30 cm 2 ) were used in this study. The first sample (sample A) is a relatively homogeneous, well characterized Malmesbury shale from a quarry in Cape Town, South Africa (Bbosa, 2007; Hill et al., 2018) . The shale was used to develop the initial methodology. The other two rock types were sampled from a local polymetallic (Pb-Zn-Cu) sulphide ore deposit in South Africa (samples B and C). Three cylindrical diamond drill core sets with diameters of 13, 19, and 26 mm were obtained manually from each of the grab samples. The same drill cores were cut into a minimum of 15 pieces (discs) of equal length, which gave an overall 135 pieces for use in the proof of concept.
A subset of the pieces was visually selected and scanned by XCT using the NIKON XTH 225 ST system housed in the Microfocus X-ray Radiography and Tomography facility at the South African Nuclear Energy Corporation (Bam et al., 2016) . A constant set of XCT scan parameters was used: 175 kV, 15 μm voxel size, averaging of three frames, 1000 projections, using a 25 mm Cu filter, with approximately 20 minutes per scan. The approach for this study is consistent with the 3D GLCM and XCT method of Jardine, Becker, and Miller (2018) . The grey level co-occurrence matrices were extracted from the XCT image stacks using the dedicated MATLAB script by Jardine, Becker, and Miller (2018) . After XCT scanning, a subset of the same pieces was prepared into blocks for analysis on an FEI 650F FEG QEMSCAN at the University of Cape Town to determine the basic mineralogical characteristics of each sample. Samples were scanned using the field image analysis routine with instrument operating parameters of 25 kV, 10 nA, 357 fields/frames at a 15 μm pixel spacing. The methodology is summarized in Figure 1 .
All rock strength tests were performed on the 135 pieces using the Blast Impact and Survivability Research Unit (BISRU) split Hopkinson bar facility in the Mechanical Engineering department at the University of Cape Town. High strain rate stress-strain responses of geomaterials can be measured through SHPB testing, which can characterize the strength of these materials by using common engineering parameters. SHPB testing was preferred over quasi-static testing, as the high strain rates applied during the SHPB test are more reflective of those encountered in a comminution or milling context. These tests followed the procedure outlined by Bbosa (2007) and Govender et al. (2012) . After testing different strikers and conditions, the standard conditions for all impacts included using a conical striker (400 mm long, and a mass of 885 g), strain gauge bridge excitation voltage of 2 V, strain gauge amplifier gain of 1000, and sampling rate of 10 megasamples per second (MSa/s). Three different pressures (using the pressure-controlled gas gun) were tested for every core size. The initial test methodology included testing the samples at the desired pressures of 220 (low), 280 (medium), and 400 kPa (high). A light trap and digital oscilloscope were used to measure the striker velocities for each impact, and hence calculate the kinetic energy for each collision.
To facilitate dynamic equilibrium of the specimen as early as possible, pulse smoothing was applied in the form of masking tape between striker and input bar to tune the stress wave rise time. Furthermore, the SHPB data was calibrated by obtaining a constant proportionality constant directly related to the output voltage applied to the stress using one-dimensional theory (see Govender et al., 2012) . Calculations for the stress-strain data were done and the results plotted, and the data was used to calculate fracture properties. It should be noted that the data presented in this paper is only for the 13 mm drill core pieces at 220 kPa pressure, for direct comparison between the three mineral texture types.
Results

Initial ore characterization
The different 'mineral texture types' were identified through visual inspection of the different cores, and subsequently divided into shale and the two polymetallic ore samples on the basis of their variability in mineralogical composition as well as their geometrical differences (texture). The variability of these samples is illustrated through the selected hand specimens and QEMSCAN false-colour images in Figures 2 and 3 , respectively. Sample A (shale) is a homogeneous (equigranular) fine-grained rock, with quartz, biotite, and feldspar as the dominant minerals. Samples B and C are medium-grained, heterogeneous magnetite rock. Sample B consists predominantly of magnetite and pyroxmangite, and its sulphide minerals are mostly chalcopyrite, and pyrrhotite. Sample C is predominantly quartz, magnetite and pyroxmangite, associated with sphalerite.
2D slices extracted from the 3D volumes and the grey level XCT scans are illustrated in Figure 4 A1, B1, and C1 (respectively samples A, B, and C). The XCT images duplicate the basic textures, where sample A is fine-grained, and B and C are medium-grained. The QEMSCAN analysis is further used as a supporting tool to interpret the mineralogy captured by the XCT images, since both the QEMSCAN backscattered electron (BSE) and XCT grey level images represent relative differences in mineral density (Figure 3 D, E, and F against Figure 4 A1, B1, and C1 respectively).
The brighter pixels within a grey level image (e.g. Figure 4 A1, B1, and C1) are related to the denser minerals (sulphides), whereas the darker pixels are related to the less dense minerals (quartz, biotite). As an example, the GLCM matrices ( Figure  4 A2, B2, and C2) can be calculated based on the grey level information for a selected 2D XCT image extracted from the 3D (XCT) volume. The accompanying GLCM colour heat map distributions are also provided for each GLCM matrix (Figure 4 A3, B3, and C3) to reveal hidden information that is not easily visible to the naked eye. The matrices have two axes related to pixel pairs, where the vertical axis represents the reference pixel value and the horizontal axis represents its neighbouring pixel value (Jardine, Becker, and Miller, 2018) .
For the selected XCT slice, the shale (sample A) has a GLCM distribution which is limited to the top left (low-density) quadrant and records no information in the bottom right (highdensity) quadrant. The distribution for polymetallic sulphide sample B is also restricted to the top left quadrant (note the absence of sulphides in this particular XCT slice, chosen rather instead to illustrate differences in grain size distribution). The difference between these two distributions is in the width of the matrices. Sample A has a broader distribution than sample B. Sample C has peaks in both quadrants, and has a narrow distribution similar to B. The narrow versus broader distributions are indicative of the variation in grain sizes (Jardine, Becker, and Miller, 2018) . The broader (sample A) distribution is indicative of a finegrained material, and the narrower distributions (samples B and C) are indicative of a coarser grained material such as the medium-grained texture for these polymetallic ore samples. The peaks in the quadrants indicate the grey level peaks of either the silicate or BMS/oxide minerals. The sensitivity in the mineralogy can therefore be seen in either the top left quadrant (low-density minerals) or the bottom right quadrant (high-density minerals). For example, sample A is dominated by low-density silicate minerals and has one dominant peak in the top left quadrant, whereas, sample C consists of silicates, oxides, and sulphides, and therefore three peaks can be seen. Two of the peaks are in the low-density quadrant and the third peak is in the bottom right quadrant (representing the sulphide population).
The image information for the entire 3D volumes can be converted to numerical information using statistical descriptors provided by Haralick, Shanmugam, and Dinstein (1973) and the script adaption by Jardine, Becker, and Miller (2018) . The four statistical descriptors that link to mineralogy and texture are homogeneity, contrast, correlation, and energy. These descriptors are essentially variability in the grey level information as well as the spatial distribution of these grey levels in relation to each other (Haralick, Shanmugam, and Dinstein, 1973) . Homogeneity and contrast refer to the number of grey level transitions and the local variability in these transitions respectively. Correlation and energy refer to the probability of the occurrence of any specified pixel pair and the sum of the squared elements in the GLCM, respectively. These four statistical descriptors were calculated for the 3D volumes of each sample. As an example, the descriptive statistics for the contrast descriptor are summarized in Table I and a supporting box-and-whisker plot is illustrated in Figure 5 . The range of these contrast values for a specific sample is indicative of the intensity of the sample's variability, where shorter ranges are indicative of higher homogeneity in comparison with broader ranges, which are indicative of higher mineralogical variability. For example, sample A, has the shortest range (70 298-70 549), and is thus the most homogenous sample. The polymetallic samples, which have broader ranges (68 487-71 375 or 71 004-75 380 respectively), have higher mineralogical variability. However, the polymetallic ores (samples B and C) are distinguishable from each other, as reflected by their variability in mineralogy.
Figure 4-2D XCT images can be extracted from the 3D volumes (A1, B1, C1) and examples are given for the shale (A1) and the polymetallic ore sample B (B1) and sample C (C1). Each XCT image (input) is accompanied by its GLCM matrix (A2, B2, C2 for samples A, B, and C respectively), which summarizes the mineral textural information of the spatial relationship between the grey values within the XCT images (output). The 'colour intensity' heat map further reveals the hidden information which may not be visible to the naked eye (A3, B3, and C3 for each of the samples) and enhances the information on the mineralogical and textural variability for each of the matrices
The contrast values can potentially also discriminate between textural features, where the higher positions (i.e. visually on the box-and-whisker plot as well as higher values) are indicative of coarser-grained rocks in comparison with finer grained rocks, which would have lower contrast values. However, the XCT analysis does not standardize the grey levels between different samples and hence the grey levels shown in Figure 4 -A1 are actually stretched in relation to Figures 4 -B1 and 3 -B2. While the statistical differences given in Table I are a true reflection of the differences between the images shown, they are not a true reflection of the differences between the samples because of the lack of standardization between the XCT images. These differences are a true reflection of the differences seen in the grey scale images and hence attest to the robustness and viability of the GLCM in differentiating different mineralogies and textures. Future work should address finding appropriate means for XCT calibration so that image information is directly comparable across rocks with different mineralogies. Figure 6 shows examples of the true stress-true strain curves for three pieces of the three samples (A, B, and C). The curves follow the conventional trend for compressive loading, whereby stress increases proportionally with strain until a peak value, beyond which it follows an unsteady decrease. The yield strength is the value at which stress begins to asymptote, representing a transition from elastic (reversible) to plastic (irreversible) deformation. The peak value of stress is known as the ultimate compressive strength (UCS), and represents the maximum stress the sample can resist before macroscopic fracture (Napier-Munn et al., 1996) . For sample A, the yield strength is distinct from the UCS, such that some plastic damage takes place prior to complete fracture. For samples B and C, fracture occurs immediately following the point of the initial yield.
Sample A has an average yield strength of 180 MPa, with a standard error of 29.1 MPa at the 95% confidence level. Samples B and C have average values of 104 MPa and 80 MPa, with standard errors of 12.4 and 25.9 MPa respectively. This signifies that sample A has a significantly higher yield strength than samples B and C, which have statistically similar strengths.
The Young's modulus is calculated as the gradient of the stress-strain curve over the elastic interval (King, 2001 ). This value is an indication of a material's susceptibility to deformation under load, where a higher value indicates a higher resistance to elastic behaviour. The average Young's moduli of the three samples were 60.7 ± 3.2 GPa (sample A), 50.6 ± 2.2 GPa (sample B), and 53.9 ± 1.9 GPa (sample C), with all errors calculated at 95% confidence level. The results indicate that of the three samples, the shale (sample A) deforms the least prior to fracture. Values obtained for the yield stress and Young's moduli were consistent with those reported in prior work on compression tests using these ores (Bbosa, 2007; Hill et al., 2018) .
Discussion
A key part of geometallurgy includes small-scale testing to capture the ore properties and define their inherent variability, which can potentially be used in geometallurgical proxies and block models. This becomes important in ore breakage characterization studies, especially when the ore feed to the comminution circuit is variable, as this can cause throughput Napier-Munn et al., 1996) . Through the opportunity that the 3D GLCM and XCT quantification method provides, not only can the textural variation be captured (fine vs. coarse), but also basic mineralogical information. This basic mineral texture capturing has been demonstrated in this study, and the results are as follows. Sample A is a homogeneous shale consisting predominantly of quartz, feldspar, and micas in a fine-grained matrix. The GLCM heat map distribution confirms the mineralogy and texture through the broad distribution of pixel data in the top left (lowdensity) quadrant (see Figure 4) , which indicates a fine-grained texture dominated by silicates. The GLCM statistics further show a clear trend distinct from the polymetallic ore: sample A has lower values for contrast and correlation, and higher values for energy and homogeneity. Sample A has a yield stress of 180 MPa and has the highest resistance to deformation.
Samples B and C are polymetallic sulphide ores, with a medium-grained matrix dominated by magnetite and quartz. There are subtle differences in their gangue and sulphide mineralogies. Sample B is dominated by pyroxmangite and chalcopyrite, whereas sample C is mostly sphalerite. The GLCM shows narrower distributions for both samples, which also indicates that these samples are more medium-grained in comparison with the finer grained shale. Sample C furthermore show a peak for the sulphides in the bottom right quadrant, indicative of high-density materials (Figure 4 -C3) . If sulphides are not present in the grey level image (e.g. sample B), the bottom right quadrant will show no information (Figure 4-B3) . The GLCM statistics show similar values for these two samples. Both samples B and C have a lower yield strength than the shale.
In this study, the XCT-GLCM method has been applied across two different sample sets to allow the evaluation of the sensitivity of the method to inter-sample variability. The work of Jardine, Becker, and Miller (2018) was limited to samples from a Ni-Cu sulphide ore, and thus did not allow such an evaluation. An important consideration that has emerged through this exercise is that the XCT grey level volumes of samples with very different mineral textures need to be directly comparable with one another, i.e. equivalent absolute grey levels will be measured for the same mineral regardless of its mineral matrix. This requires an internal calibration step which is, however, not routine practice in XCT scanning, as evidenced by comparison to the QEMSCAN BSE image (which has a BSE calibration step). Further development should investigate this as a routine step in the application of the method.
A further limitation in this study is the small sample set used. Validation for this work includes QEMSCAN analysis; however, it is not envisaged that the final stages of the 3D mineral texture quantification method will be dependent on QEMSCAN analysis. As demonstrated, the three mineral textural types can be used as building blocks for ongoing research towards the development of a correlation between mineral texture and rock strength using this 3D XCT and GLCM method. Additionally, the GLCM statistical descriptors do show sensitivity to variations in the data-set, and can potentially be used as an indicator of ore variability. Building such basic relationships can improve the management of ore heterogeneity, which is the essence of geometallurgy. Ideally, geometallurgical proxies should be developed and integrated with exploration, where the real need is in core logging systems. Since thousands of metres of core are routinely logged, these proxies can predict processing response months or even years ahead of actual processing. Future work should therefore include incorporating the integral mineral composition and rock strength into potential textural descriptors by continuing testing.
Conclusions and recommendations
Mineral texture is a key parameter in geometallurgy, as is finding appropriate means to quantify it. As part of ongoing research Jardine, Becker, and Miller, 2018) , this study advances the development of the method for 3D mineral texture quantification by comparing a heterogeneous polymetallic ore with a homogeneous shale. The current method provides a representation of drill core samples and captures the mineral textures through GLCM heat maps and statistical descriptors. The study demonstrated the use of the GLCM statistical descriptors, which potentially capture meaningful information for future quantification, as the complementary 3D GLCM heat map distributions are more graphical outputs. The study also demonstrated that the differences include the capturing of inherent properties, i.e. strength. Future work will include not only further testing of the polymetallic ore sample set, but also investigations of the underlying scientific principles of how the 3D quantification method captures the mineral textural variations, and the robustness of the method. The robustness investigation will include testing the quality of the 3D GLCM outputs for different XCT scanning conditions and methods for standardization between different ore types. Additionally, an understanding of the primary factors that contribute to the mineral texture and rock strength relationship is needed.
